Abstract-Multitracer positron emission tomography (PET) has the potential to enhance PET imaging by providing complementary information from different physiological processes. However, one or more of the images may present high levels of noise. Guided image reconstruction methods transfer information from a guide image into the PET image reconstruction to encourage edge-preserving noise reduction. In this paper, we aim to reduce noise in poorer quality PET datasets via guidance from higher quality ones by using a weighted quadratic penalty approach. In particular, we applied this methodology to [ 18 F]fluorodeoxyglucose (FDG) and [ 11 C]methionine imaging of gliomas. 3-D simulation studies showed that guiding the reconstruction of methionine datasets using pre-existing FDG images reduced reconstruction errors across the whole-brain (−8%) and within a tumor (−36%) compared to maximum likelihood expectation-maximization (MLEM). Furthermore, guided reconstruction outperformed a comparable nonlocal means filter, indicating that regularizing during reconstruction is preferable to post-reconstruction approaches. Hyperparameters selected from the 3-D simulation study were applied to real data, where it was observed that the proposed FDG-guided methionine reconstruction allows for better edge preservation and noise reduction than standard MLEM. Overall, the results in this paper demonstrate that transferring information between datasets in multitracer PET studies improves image quality and quantification performance.
designed to target a wide range of functional and molecular processes.
There are a number of clinical and research situations, where combining information from two or more radiotracers provides additional useful information. For example, in the imaging of brain tumors, the complementary information obtained from PET images using [ 18 F]fluorodeoxyglucose (FDG) for glucose metabolism imaging and a protein synthesis and/or protein transport radiotracer, such as [ 11 C]methionine (methionine) can improve the detection of malignant gliomas [1] , [2] . Another example is the potential use of both FDG and [ 11 C]raclopride in the differential diagnosis of Parkinson's disease, progressive supranuclear palsy, and multiple system atrophy [3] . One final example is in the imaging of complementary neurotransmitter systems in the brain using different radiotracers, a topic of interest, for instance, in the exploration of the interaction between the glutamate and dopamine receptors in various neurological conditions [4] , [5] .
However, some of the radiotracers used in these contexts produce highly noisy images due to a range of factors including low injected dose or low specific uptake. In particular, the short half life of 11 C means that relatively short delays in scanning can considerably increase image noise levels for many specialized radiotracers.
Achieving noise reduction is one of the recurring themes of the PET image reconstruction field. When using relatively simple methods that seek images to only explain the measured data, such as the well-known maximum likelihood expectation-maximization (MLEM) algorithm [6] , PET image reconstruction often converges to noisy estimates. Therefore, regularization methods to mitigate this effect have been studied intensively for many years [7] [8] [9] [10] [11] .
In particular, guided image reconstruction methods use an external source of information to regularize the reconstruction of PET images. For example, using the images from another imaging modality, such as co-registered magnetic resonance (MR) images, allows PET images to be smoothed within regions that are expected to be uniform based on the prior images. A wide range of MR-guided PET image reconstruction techniques have been proposed [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] , generally with the aim of reducing PET image noise and improving PET image resolution by preserving edges. MR-guidance has received a lot of attention due to the wide applicability and ubiquity of MR imaging and the recent development of simultaneous PET-MR scanners. Furthermore, the broad variety of MR acquisition sequences allows for many MR image contrasts that can be used for the guidance of PET image reconstructions [21] .
However, MR-guidance of PET image reconstruction is not always appropriate or possible, particularly when imaging protocols do not include an MR scan. In these cases, it would be beneficial if other, higher quality, PET images could take the place of MR images and provide guidance for the reconstruction of noisy PET datasets. The application of guided reconstruction methodologies to the context of multitracer PET protocols in this way has not, to the best of the authors' knowledge, been proposed before, although we have previously proposed the use of guided reconstruction in longitudinal contexts, where the patient is scanned more than once with the same radiotracer [23] . This paper demonstrates the principle of guided reconstruction in the multitracer PET case, investigating the specific case of FDG/methionine imaging of brain tumors. Often the reconstructed methionine images are very noisy and require large amounts of post-reconstruction smoothing to obtain clinically useful images. On the other hand, the FDG images generally exhibit high contrast and low noise. This paper investigates the use of the higher quality FDG images to guide the reconstruction of the lower quality methionine data. To achieve this guidance, a weighted quadratic maximum a posteriori (MAP) objective function was used, where the weights are derived from a pre-existing FDG image, under the assumption that FDG and methionine distributions are structurally similar (i.e., that edges in FDG images correspond reasonably well to those in methionine images). A 3-D simulation study was performed to explore the effects of the various parameters of the proposed reconstruction method, showing reduced reconstruction error and superior tumor quantification compared to standard MLEM reconstructions. Furthermore, preliminary tests to validate the simulation results on real patient data were seen to reinforce the noise reduction and edge-preservation benefits of the proposed reconstruction approach.
II. THEORY
Regularized PET image reconstruction methods typically utilize an MAP approach, where the objective function to be maximized is given by
where L(θ ; m) is the Poisson log-likelihood of an image vector, θ, giving rise to the measured data vector, m. To perform a guided image reconstruction, the guidance information can be encoded in the penalty term U(θ ) and the relative importance of this guidance compared to the data consistency (log-likelihood) term is defined by the value of the parameter β, also known as the penalty strength. Note that with β = 0, the reconstruction problem simplifies to maximum likelihood estimation, as solved by the MLEM algorithm. One method of including this guidance information from other medical images into the reconstruction of a PET dataset is to use the weighted quadratic penalty [24] , given by
This penalty considers the pair-wise intensity differences between each voxel j and each of its neighbors, k, and performs a weighted sum of the square of each of these differences.
In effect, the weights w jk encode which voxels will be forced to have small intensity differences (high w jk ), and which ones are allowed to be more different (low w jk ). By calculating w jk from a prior image, information from that image about which voxels are visually similar can be built into PET image reconstruction, allowing noise reduction and edge-preservation compared to standard PET image reconstruction methods. In this paper, we calculate these prior weights using Gaussian kernel functions, similar to those used by [18] , [22] , [23] , [25] 
where f j is the feature vector for voxel j, r j is the spatial location of voxel j, and σ f and σ s are parameters which control the widths of the two kernels. The first kernel is based on feature vectors, which in this paper are p × p × p patches from the prior image arranged as p 3 ×1 column vectors. Note that in this paper the feature vectors are normalized by the standard deviation (SD) of each element across the image, according to [25] , so that
wheref j are the unnormalized feature vectors, and
) is the SD of the mth element of the feature vectors over all voxels. This normalization allows σ f to be a unitless quantity, while σ s is expressed in the same units as the spatial distance between r j and r k . By measuring the Euclidean distance between patch-based features in this way, it is possible to quantify the a priori similarity between the corresponding voxels.
Sparsification of guidance weights in PET image reconstruction is performed in order to reduce computational costs and to reduce the effect of spurious similarities. In the Bowsher prior [12] , sparsification is achieved by keeping only the B most similar voxels for each voxel and setting these similarities to 1, while all other weights are set to 0 [12] . In the kernel method approach proposed by Wang and Qi [25] , sparsification was proposed via the use of k-nearest neighbors or the threshold-based ε-ball method. In this paper, we opt for a maximum-value sparsification method, where after calculation of all w jk , only the n Max maximum values are kept for each voxel j, and all others are set to be zero.
To maximize the objective function in (1) we utilize the modified expectation maximization approach of De Pierro [26] . The use of a surrogate for the penalty in the maximization step allows for a separable iterative update formula in terms of each voxel separately. Explicitly, the update formula is given by
where
and
Note that p ij are the elements of the system matrix, incorporating the effects of the geometric projection, attenuation and normalization, and θ (n+1) j,EM is the expectation maximization update used in standard MLEM, given by
where q(θ (n) ) is the expected mean of the data using the current image estimate θ (n) .
III. EXPERIMENTAL METHODS
To evaluate the effect of guiding methionine PET image reconstructions with FDG images we performed a 3-D simulation study. Guided reconstruction performance was measured as a function of the reconstruction hyperparameters and compared to standard MLEM reconstructions followed by both Gaussian and FDG-derived nonlocal-means (NLM) filters. Following this simulation study, the proposed method was applied to real FDG/methionine data acquired on a Siemens Biograph mMR PET-MR scanner (Siemens Healthcare, Erlangen, Germany).
Data simulation and image reconstruction were implemented in MATLAB (MathWorks, MA, USA), using in-house Siddon-based mMR projectors [27] . Vendor-provided software was used to obtain normalization factors and scatter and randoms estimates for the real data reconstructions. Attenuation factors for the real data were calculated using the vendor-provided ultrashort echo time MR-based attenuation maps and the same in-house geometric projectors used for reconstruction.
A. 3-D Simulation Study
Two ground truth 3-D brain images were generated from a freely available software phantom [28] , with the contrasts adjusted to emulate FDG and methionine scans. The matrix size for the ground truth images was 688 × 688 × 254, with a voxel size of 1.04313×1.04313×1.015625 mm 3 . A tumor was introduced into the ground truth images, extending across the border between white and gray matter in the inferior aspect of the right frontal lobe (Fig. 1) . In the FDG image, the tumor was hypo-intense with an intensity of 60% that of adjacent white matter, and in the methionine image the tumor was hyperintense with a tumor to gray matter ratio of 2:1.
Using these two ground truth images, Siemens Biograph mMR data was simulated for each, using the same data generation pipeline. First, each ground truth image was blurred by a Gaussian filter of full-width-at-half-maximum (FWHM) of 4.3 mm [29] before projecting them into mMR standard sinogram space. Attenuation sinograms were produced using [30] . Normalization factors from a real mMR scan were then applied. Scattered events were modeled as a smoothed copy of the noise-free forward projection of the blurred images, and randoms were modeled as uniform sinograms. The noise levels and scatter and randoms fractions were adjusted so that the final FDG dataset contained 300 M counts, with 20% scatter and 30% randoms, and the final methionine dataset contained 70 M counts, with 20% scatter and 25% randoms. To produce the prior image to be used to guide the reconstruction of the methionine dataset, the FDG dataset was reconstructed into the standard mMR 344 × 344 × 127 image grid with a voxel size of 2.08626 × 2.08626 × 2.03125 mm 3 , using 100 iterations of MLEM, and then smoothed by a 4 mm FWHM Gaussian kernel. This FDG prior image was used to calculate the weights in (2) in order to guide the reconstruction of the methionine images into the same image grid. For the simulation study, to reduce the large parameter space of the reconstructions, all feature vectors were 3 × 3 × 3 cubic patches arranged as 27 × 1 vectors, and all neighborhoods, N j , were 5 × 5 × 5. Therefore, the guided methionine reconstructions were a function of β, n Max , σ f , and σ s . To explore the parameter space, a baseline value for each of these variables was defined (see Table I ), and each one was then varied between a minimum and maximum value in turn (column 3 of Table I ). These FDG-guided MAPEM reconstructions were run to 200 iterations of (5), initialized with one iteration of standard MLEM to avoid convergence artifacts at the axial edges of the field-of-view.
Reconstruction error was quantified by using the regional mean absolute error (MAE) metric
where is the region in which error is to be measured, N is the number of voxels in that region, and θ Ref is the reference image against which error is being calculated. For the 3-D simulation study, MAE was calculated in methionine images in the whole-brain region and in the tumor alone, in both cases using a linearly interpolated downsampled version of the ground truth image as θ Ref .
Additionally, the contrast recovery coefficient (CRC) of the tumor was measured as
whereT is the mean voxel intensity within the tumor, andB is the mean voxel intensity in a white matter background region. The SD of the voxel intensities within the tumor and the white matter background region were also measured. For comparison to the FDG-guided MAPEM methionine reconstructions, the same datasets were also reconstructed with 200 iterations of MLEM and filtered post-reconstruction with Gaussian filters of varying FWHM. In addition, the MLEM images were filtered with NLM filters corresponding to the same FDG-derived weights used in the MAPEM approach (denoted hereafter as FDG-NLM). In practice, this involved the multiplication of the MLEM reconstruction image vector with the weights w jk inserted into a sparse J × J matrix and appropriately normalized.
In order to evaluate the effect of the convergence of the guidance FDG image on the quality of the reconstructed methionine images, guidance weights were calculated from 4 mm smoothed FDG reconstructions using 50, 100, and 200 iterations of MLEM. These weights were calculated using the baseline hyperparameter values listed in Table I . The methionine dataset was then reconstructed with each of these three sets of weights in turn, and the resultant images compared.
Finally, to assess the performance of the proposed reconstruction method in cases of strong disagreement between the guiding FDG PET image and the methionine image, a mismatch test was carried out using a second pair of phantoms in which there was a smaller, methionine-unique tumor embedded within the gray matter. The corresponding region in the FDG image was uniform in intensity. The methionine data were reconstructed with both MLEM with a 5 mm Gaussian smooth and FDG-guided methionine with parameters based on the hyperparameter characterization experiments detailed above.
B. Real Data Preliminary Study
Following the simulation study, the proposed methodology was applied to a real FDG/methionine scan pair from a single suspected glioma patient who was scanned in a Siemens Biograph mMR PET-MR scanner (Siemens Healthcare, Erlangen, Germany) with both radiotracers in the same day. The methionine scan was performed first, with an Fig. 2 . Data processing pipeline used for the FDG-guided image reconstruction of the real methionine dataset. First, the FDG image was reconstructed with 100 iterations of MLEM and then smoothed with a Gaussian kernel of FWHM 4 mm. This reconstructed image was then transformed to the methionine image space using rigid-body transformations estimated from the attenuation maps, before the similarity weights w jk were calculated. The final step involved inputting these weights into the MAPEM reconstruction algorithm alongside the measured methionine data to produce FDG-guided MAPEM reconstructions.
injected activity of 337 MBq and a scan duration of 11.4 min, beginning at 40 min post-injection. Fifty-six minute after the methionine injection, 233 MBq of FDG was injected into the patient, who was then scanned for 11.7 min at 54 min postinjection. The final FDG dataset contained 381 M counts, and the methionine dataset contained 73.7 M.
The FDG-guided methionine image reconstruction pipeline for the real data is shown in Fig. 2 . The FDG dataset was first reconstructed into the standard 344 × 344 × 127 image grid with 100 iterations of MLEM followed by a 4 mm Gaussian smooth. Following this, the FDG image was transformed to the methionine image space via a rigid-body transformation estimated using the MATLAB image processing toolbox from the simultaneously acquired MR-based attenuation maps. The transformed FDG image was then used to calculate the set of weights w jk as described above, using parameter values selected based on the 3-D simulation study results. These weights were then input into the reconstruction of the methionine dataset [i.e., 200 iterations of (5)] to produce the output FDG-guided methionine images. For comparison purposes, two additional sets of guidance weights were calculated from the co-acquired T1-weighted MR image and a previously acquired aligned computed tomography (CT) image using the same hyperparameter values, and the methionine dataset reconstructed using these weights.
Finally, a validation experiment was carried out on the real data in order to investigate the extent to which guiding a methionine image reconstruction with an FDG image affects the structure of the output methionine image. Ideally this would be achieved by using a high-counts methionine dataset to produce a reference image against which lower counts reconstructions using FDG-guided MAPEM or MLEM could be compared. However, due to the counts-limited nature of the available methionine dataset, this experimental approach was not possible. Instead, a similar methodology was employed whereby a low-noise methionine image was produced by reconstructing the data with 200 iterations of MLEM into a coarse image grid (115 × 115 × 42) at three times the standard mMR voxel size listed above. Counts-reduced methionine datasets were then generated by randomly removing counts from the original methionine sinogram according to a Bernoulli process, with the probability of removal equal to the expected proportion of counts remaining. In this way, methionine datasets with 10% and 20% the original data were generated. The original FDG dataset was reconstructed into the same coarse image grid to calculate the weights for FDG-guided MAPEM. The counts-reduced methionine datasets were then reconstructed with 200 iterations of FDGguided MAPEM and Gaussian filtered MLEM. Reconstruction error was quantified by measuring the MAE between reconstructed counts-reduced images and the original 100% MLEM reconstruction in brain voxels within a single slice.
IV. RESULTS

A. 3-D Simulation Study
In order to compare the methods at their best possible performance in terms of whole-brain MAE, a preliminary test was performed to ascertain the optimum FWHM for the Gaussian filtered MLEM methionine reconstruction. This value was found to be 5 mm, which produced a whole-brain MAE of 19.3%. Fig. 3 shows the image metrics as a function of penalty strength, β, for the FDG-guided MAPEM. As β increases, the whole-brain MAE in the FDG-guided MAPEM reconstructions reduces [ Fig. 3(a) ], with β = 10 000 providing the same whole-brain MAE as MLEM with a 5 mm Gaussian smooth. In this case, using the FDG-NLM filter on the MLEM reconstruction produced higher whole-brain MAE than a Gaussian filter. When considering the tradeoff between tumor SD and tumor mean [ Fig. 3(b) ], it is apparent that using FDG-guided MAPEM allows greater reduction in the tumor noise while maintaining the quantification of the tumor mean compared to both the FDG-NLM and Gaussian filtered MLEM reconstructions. The FDG-guided MAPEM method also outperforms MLEM with either a Gaussian or FDG-NLM filter in terms of reconstruction error in both the tumor only and the rest of the brain [ Fig. 3(c) ]. Specifically, comparing FDG-guided MAPEM with the baseline parameter values (i.e., β = 15 000 in Fig. 3 ) to the 5 mm Gaussian filtered MLEM, the MAE is reduced by 8% across the whole-brain, and 36% in the tumor. Finally, FDG-guided MAPEM produces higher tumor CRC at a given noise level when compared to the post-reconstruction filtered MLEM reconstructions [ Fig. 3(d) ].
These results are reflected in the reconstructed images (Fig. 4) . The 5 mm Gaussian filtered MLEM image achieves good levels of noise reduction, but at the cost of blurred edges, including around the border of the tumor. The FDG-NLM filtered MLEM image suffers less from edge degradation, but contains an artifact-like noise pattern which makes the image less visually appealing than the Gaussian filtered MLEM. Compared to both of these images, the FDG-guided MAPEM image exhibits low noise across the image while also maintaining the appearance of edges.
When the number of maximum values retained in the weights matrix per voxel (n Max ) was varied, the FDG-NLM filtered MLEM results greatly improve (Fig. 5) . At higher values of n Max (>40), using the FDG-NLM filter outperformed the FDG-guided MAPEM in terms of whole-brain Also shown are results obtained from using MLEM followed by Gaussian smooths and MLEM followed by the FDG-NLM filter. Note that all parameters (other than β) were set to the baseline values given in Table I for When considering the reconstructed images (Fig. 6) , the FDG-guided MAPEM is superior to the noise-matched FDG-NLM filtered MLEM with n Max = 35, which retains some artifacts similar to those seen in Fig. 4 . The FDG-NLM filtered image with n Max = 125 produces an image which is less noisy than the FDG-guided MAPEM image, but visually is less appealing due to oversmoothing and some remaining artifacts (indicated by arrows). Fig. 7 shows the results of varying σ f and σ s . Beyond σ f = 2 and σ s = 2 mm, the FDG-guided MAPEM results are stable, outperforming MLEM with a 5 mm Gaussian filter and an FDG-NLM filter with any value of either σ f or σ s . The performances of both FDG-NLM filtered MLEM and FDG-guided MAPEM at high σ f and σ s are similar to their performances as shown in Fig. 3 .
When the FDG dataset was reconstructed with 50 or 200 iterations of MLEM, instead of the 100 used above, the resultant prior images were visually similar (Fig. 8) . The 50-iteration FDG prior (FDG 50 ) displays lower levels of noise than the 100-iteration FDG prior (FDG 100 ) and some blurring from being under-converged, and the 200-iteration prior (FDG 200 ) exhibits more noise, although this is mitigated by the subsequent 4 mm Gaussian smooth. The resulting FDG-guided Table I . Also shown is Gaussian filtered MLEM. At σ f and σ s ≥ 4, FDG-NLM filtered MLEM and FDG-guided MAPEM perform similarly to the results seen in Fig. 3 . methionine reconstructions all appear visually similar, and the difference between them and the FDG 100 -guided image is observed to be small, with a maximum difference in observed tumor mean of 0.44%. This difference was smaller for the FDG 200 -guided methionine reconstruction, indicating that the difference in calculated weights is smaller when moving from 100 to 200 iterations for the prior compared to moving from 50 to 100 iterations.
On the other hand, when the tumor was changed for a methionine-specific tumor in the mismatch test, performing FDG-guided methionine image reconstruction was observed to attenuate the observed tumor intensity to a greater extent than that which was observed when using an MLEM reconstruction with a 5 mm Gaussian smooth (Fig. 9) . This manifested as a 4.3% reduction in tumor to white matter CRC (from 1.84 using smoothed MLEM to 1.76 using FDG-guided MAPEM).
B. Real Data Preliminary Study
From the 3-D simulation study, the baseline hyperparameter values were observed to produce good results overall, so that for the real FDG-guided MAPEM reconstructions these parameter values were used (as listed in Table I ). Fig. 10 shows the reconstructed images for the real data case, including the aligned FDG prior image, the T1-weighted MR image acquired simultaneously with the methionine data, and the aligned CT image acquired prior to the PET-MR scan. Note that the MR and CT images have been resampled to the PET Table I . Arrows indicate the location of the methionine-specific tumor, which was attenuated more by the FDG-guided reconstruction than the Gaussian smoothed MLEM reconstruction. This was reflected by a 4.3% reduction in tumor to white matter CRC.
image grid, and that the CT has been contrast-enhanced using a 3-D contrast limited adaptive histogram equalization. It can be seen that the methionine image reconstructed using FDGguided MAPEM is visually sharper than the 5 mm Gaussian filtered MLEM reconstruction, in agreement with the 3-D simulation study results. Furthermore, the FDG-guided MAPEM reconstructions are sharper than both the CT-and MR-guided MAPEM reconstructions. This is particularly visible in the thalamus [ Fig. 10(a) ], where the FDG-guided MAPEM image exhibits a higher regional uptake than Gaussian filtered MLEM and both CT-and MR-guided reconstructions. The FDG-NLM filtered image exhibits strong artifacts similar to those seen in the 3-D simulation study (Fig. 4) . Importantly, when considering a region, where there is a discrepancy between the FDG and the methionine images in the anterior temporal lobe [ Fig. 10(b) ], this is preserved in the FDG-guided MAPEM images. When β is varied from 2000 to 18000 (Fig. 11) , the effects of the penalty strength can be more clearly observed. There does not appear to be any change in the visual appearance of the radiotracer distribution as β increases, only an improvement in the noise characteristics of the images.
For the validation study using the coarse reconstructed image grid, the guidance hyperparameter values were set based on the baseline values used above. Since the voxel size increased by a factor of three, features were reduced from 3 × 3 × 3 patches to single voxel values and the neighborhoods were reduced from 5 × 5 × 5 to 3 × 3 × 3. σ f was left equal to 4 since features are normalized, and σ s was set to 8 mm to allow suitably large similarities between neighboring voxels. n Max was reduced from the previous baseline value of 15 to 3 in order to keep the same proportion of voxels in the weights (15/125 → 3/27), and β was varied between 250 000 and 30 000 000 since redefining the voxel grid scales the value of the log-likelihood term.
(a) (b) Fig. 10 . Reconstructed images for the real data preliminary study. From left to right for both (a) and (b): previously acquired CT image, aligned and resampled to the methionine image grid and contrast-enhanced using a 3-D contrast limited adaptive histogram equalization; T1-weighted MR image acquired simultaneously with the methionine PET data, resampled to the methionine image grid; FDG data reconstructed with 100 iterations of MLEM, followed by a 4 mm Gaussian smooth and then aligned into the methionine image space; methionine data reconstructed with MLEM followed by a 5 mm Gaussian smooth; the same methionine data reconstructed with MLEM and then followed by FDG-NLM filtering; the methionine data reconstructed with CT-guided MAPEM; the methionine data reconstructed with MR-guided MAPEM; the methionine data reconstructed with FDG-guided MAPEM; and methionine image profiles as indicated by the lines superimposed on the FDG reconstructions. All methionine reconstructions were run to 200 iterations, and all guided reconstructions used the baseline hyperparameter values as given in Table I . (a) Increased uptake was observed in the thalamus when using the FDG-guided MAPEM compared to the Gaussian filtered MLEM and CT-and MR-guided reconstructions (filled arrows and circled in the profile). (b) Discrepancy between FDG and methionine uptakes is apparent (unfilled arrows), however, the FDG-guided MAPEM allows good reconstruction of this region without any visible cross-talk. Fig. 12(a) shows the brain MAE in the analyzed slice as a function of β, demonstrating that the optimum β value depends on the counts level of the dataset. Similarly, for Gaussian smoothed MLEM [ Fig. 12(b) ], the optimum smoothing level depends on the counts level. It can be seen that using FDG-guided MAPEM with 10% counts allows for MAE values similar to those obtained with MLEM using 20% counts. When considering the images at the best MAE values for each method/counts level combination, [ Fig. 12(c) ], FDG-guided MAPEM is observed to produce images that are visually less noisy than the counts-matched MLEM reconstruction. Furthermore, the structure in the FDG-guided MAPEM reconstruction is seen to agree with that present in the 100% counts image. Finally, the error maps obtained with the FDG-guided MAPEM [ Fig. 12(d) ] do not show any visible structure, supporting the observation that the use of the FDG-guidance did not introduce any visual artifacts into the reconstructed images.
V. DISCUSSION
This paper makes the novel proposal of using guidance information from one PET image in the reconstruction of another PET dataset produced using a different radiotracer. To evaluate the possible benefits of such a methodology, a 3-D FDG/methionine brain tumor simulation study was performed to explore the parameter space of a weighted quadratically Fig. 11 . Real data FDG-guided MAPEM reconstructions as a function of β, using the same weights parameters as were used in Fig. 10 . Noise levels decrease as β increases, without visually affecting the pattern of distribution of the radiotracer.
penalized FDG-guided reconstruction and compare reconstructed images with MLEM with either a post-reconstruction Gaussian or FDG-derived NLM filter. Following this, a real FDG/methionine dataset pair were reconstructed with the proposed method and compared to post-reconstruction filtered MLEM and CT-and MR-guided MAPEM images.
In terms of the penalty strength β, it was observed that FDG-guided MAPEM outperformed post-reconstruction filtering methods in terms of reconstruction error in both the tumor and in the rest of the brain, indicating that FDG-guidance in a quadratic penalty achieves the noise reduction and edge-preservation that is desired. With increasing values of β, whole-brain error reduced [ Fig. 3(a) ], and was still reducing at the maximum β value tested (25 000), implying that there is potentially a higher β value than provides a lower whole-brain MAE. Nevertheless, at β = 25 000, the tumor mean value had already become considerably biased [ Fig. 3(b) ], indicating that a higher β value, while more optimal across the whole-brain, would be suboptimal in the tumor compared to the other values tested in this paper. An unexpected observation from the results of varying β was that the FDG-NLM filtered MLEM reconstruction performed worse than applying a 5 mm Gaussian filter in terms of whole-brain error, despite the use of information from the FDG image in creating the NLM filter. The reason for this lies in the support of the filters; the FDG-derived NLM filter had only n Max = 15 nonzero elements, whereas the Gaussian filter had many more nonzero elements. Therefore, the noise reduction achieved by the Gaussian filters was superior to that obtained by using the FDG-NLM filter. This is supported by Fig. 5 , where using the FDG-NLM filter with a higher value of n Max allowed for reconstruction errors lower than those provided by the 5 mm Gaussian filter.
Conversely, since the FDG-guided MAPEM provides regularization during the reconstruction process, smoothing is effectively applied at each iteration [according to (6) ] and so can propagate over the course of many iterations. This ensures that sufficient noise reduction can be achieved with a lower value of n Max , without compromising edges or introducing the artifacts observed in the FDG-NLM reconstructions in Figs. 4 and 6. It is possible that alternative methods of using the same FDG guidance information, such as interiteration NLM filtering, or the use of FDG-derived spatial basis functions (see [18] , [19] , [22] ), could alleviate the problems we observed when using NLM filters, although such a comparison is beyond the scope of this paper.
While β and n Max were seen to have a strong impact on reconstructed image quality, the parameters σ f and σ s were observed to have a relatively small impact (Fig. 7) . At sufficiently high values of each, the whole-brain MAE, tumor mean and SD, and tumor MAE were all stable, with results reflecting those seen in Fig. 3 . This may be due to the baseline values chosen for the other parameters, particularly n Max . Since the baseline value of n Max was relatively low (15) , the effect of the two kernel widths was limited; that is to say that once the maximum 15 values had been selected for each voxel, they were sufficiently similar to that voxel that widening the weights kernels would make no difference. Future work could account for this by repeating the analysis of the effects of σ f and σ s at various values of n Max .
The reconstruction parameters of the FDG prior were also observed to have a relatively weak impact on the quality of the FDG-guided reconstructions (Fig. 8) . The resultant methionine images appeared visually similar when using FDG priors reconstructed with 50, 100, or 200 iterations of MLEM followed by a 4 mm Gaussian smooth. This suggests that as long as the guiding image is of sufficient quality (i.e., has a sufficient number of measured counts), the calculated weights will be similar, since the Gaussian smoothed MLEM image estimate will converge to a low-noise solution. Additional work could be carried out in the future to assess more fully this impact; in particular it would be important to know the minimum number of FDG counts that allow for reliable methionine image improvement in a given application before using the resulting FDG-guided methionine images in place of standard MLEM images.
Future work will also require parameter optimization based on a larger number of patient datasets, evaluated in an application-specific manner with figures of merit and image quality metrics that relate more directly to the clinical need of the multitracer protocol in question. While MAE and other error-based metrics are useful for the preliminary evaluation of reconstruction methods in simulation studies, they can tend to prefer oversmoothed images (as seen in Figs. 5 and 6), and so can suggest a suboptimal set of reconstruction parameters for a given clinical problem.
In general, when performing guided PET image reconstructions, care must be taken to avoid the so-called "cross-talk" problem: where smoothing penalties are incorrectly translated from the guiding image into the image to be reconstructed, giving rise to the appearance of features that are not present in the true radiotracer distribution, such as false edges. In the hyperparameter characterization study performed in this paper, the same anatomical boundary locations were used for both the FDG and methionine ground truth images (Fig. 1) , potentially unfairly benefiting the FDG-guided MAPEM since there was a true close correspondence between the two images. In fact, when a mismatch was introduced into the phantom by inserting a small methionine-specific tumor, this feature was blurred more in the FDG-guided image reconstruction than in the standard Gaussian smoothed MLEM reconstruction (Fig. 9) . This result suggests that although the proposed method can perform well in some situations, it is inadvisable to use FDGguidance when similar mismatches are possible. Therefore, before widespread use on clinical data, the application-specific hyperparameter characterization mentioned above would be vital to ensure that the risk of attenuating methionine-specific features is limited. On the other hand, the fact that the images reconstructed from the real data display improvements with no visible cross-talk in regions where the radiotracer distributions differ (Fig. 10) indicates that FDG-guided MAPEM can be robust to the differing distributions of uptake for two radiotracers that correspond to distinct biological processes. This robustness was validated further by performing a counts reduction experiment whereby methionine reconstructions at 10% and 20% counts levels were compared to the MLEM reconstruction of the 100% counts dataset. However, due to the low counts levels in the original dataset, validation had to be performed at a larger voxel size to provide sufficient counts per voxel in the 100% counts reference image. Nevertheless, the results showed reduced reconstruction error relative to this reference image when using FDG-guided MAPEM compared to MLEM. The reconstructed images and the error maps did not show any visible structure that would be indicative of cross-talk between the datasets, reinforcing that the method is robust to cross-talk issues at least down to this voxel size. It would useful to repeat this experiment in future with a highcounts methionine dataset that allows for the same analysis to be repeated at the standard clinically used voxel size to verify that there are no smaller structures which are degraded by reconstructing methionine images with FDG-guidance.
Of course, the issue of validating guided reconstructions and avoiding cross-talk is not confined to the multitracer guided reconstruction case. MR-guided reconstruction, although being an established method for improving PET images, can also suffer, as observed in Fig. 10(a) , where MR-guidance (as well as CT-guidance) blurred the thalamus relative to the FDGguided reconstruction. This was due to the relatively weak MR contrast in this area, in comparison to the high-contrast FDG image. This suggests that although FDG images lack in resolution (particularly when smoothed post-reconstruction), their high contrast means that they are still useful in guiding the reconstruction of other PET datasets. While it is possible that additional preprocessing of MR images could improve the respective guided methionine reconstructions, this would be an area for future study, and one that has so far remained under-investigated in MR-guided PET image reconstruction. It should also be noted that by combining both FDG and MR (and even CT) information into a single, multimodality prior, the methionine image could be improved even further; this would also need to be explored in future work.
In the previous discussion about the effects of cross-talk between the two datasets, it is assumed that the guidance image is perfectly aligned to the image to be reconstructed.
In practice, artifacts could manifest as artificial edges if the prior image is systematically misaligned. In this paper, the registration problem was addressed by estimating rigid-body transformations from the pair of attenuation maps acquired with the PET datasets. This method worked well, with no artifacts present to suggest that a misalignment occurred. In brain scans, such as those presented in this paper, rigid-body alignment is an appropriate choice for modeling the deformation between two scans and the accuracy of the attenuation map-based transformations is likely smaller than the PET resolution when all resolution degrading effects are considered. In order to apply the proposed methodology to other anatomical regions, more complex registrations may be required. These could be provided by estimating motion from co-acquired MR or CT images, or they could be estimated from the emission data in conjunction with other regularization or prior information using joint emission and deformation estimation methods [31] [32] [33] . Alternatively, the proposed methodology could be applied to simultaneous dual-tracer PET protocols, where the dynamic nature of two radiotracers allows for the separation of their signals (e.g., [3] ). In this case, the images from the two radiotracers should be automatically aligned, simplifying or even eliminating the alignment problem.
It is important to note that the weighted quadratic penalty is far from the only method for incorporating guidance information into a PET image reconstruction problem. Other notable alternatives include information theoretic anatomical priors [13] , the parallel level sets prior [17] , and basis function/reparameterisation approaches [18] , [19] , [22] . Previous work has attempted to compare the various guided reconstruction methods in the context of MR-guided PET image reconstruction [14] , [17] , [21] , but it has proven difficult to fully characterize the wide range of available methods in terms of all relevant hyperparameters in an application-specific manner. Nonetheless, weighted quadratic penalties (particularly in the form of the Bowsher prior [12] ) have been widely used due to their ease of implementation and relative robustness [14] . For this reason, in this paper we have proposed multitracer guided PET image reconstruction using a weighted quadratic penalty only, although any of the aforementioned MR-guidance methods would be adaptable. A comparison of the performance of these alternative methods in the multitracer context remains for future work.
VI. CONCLUSION
Multitracer PET protocols utilize complementary information from different PET radiotracers to improve clinical and research studies. In these contexts, one or more radiotracer images may contain high levels of noise. This paper proposes the use of higher quality PET images to guide the reconstruction of lower quality PET datasets. By using the high quality PET image to define which sets of voxels in the lower quality PET image are expected to have similar intensities, edge-preserving regularized image reconstruction can be performed in a manner similar to that used in MR-guided PET reconstruction. To evaluate the benefits of such a methodology, we focused on the specific case of glioma imaging, where using images from both FDG and methionine can be used to improve diagnosis. High quality FDG images were used to derive intervoxel similarity weights within neighborhoods to guide a quadratically penalized MAPEM reconstruction of the methionine datasets. 3-D simulation studies showed lower errors in reconstructed methionine images when using FDGguided MAPEM, and superior quantification in a tumor that was hypo-intense in terms of FDG uptake and hyper-intense in terms of methionine uptake. When applied to real patient data, similar improvements were seen across the image, and furthermore, the methionine-specific radiotracer distribution was maintained when using FDG guidance. Future work will involve further validation of the proposed methodology on greater numbers of real dataset pairs and extension of the methodology to other radiotracer pairings.
If the results of these future investigations replicate the improvements observed in this paper, multitracer guided image reconstruction methods could have the potential to improve image quality via edge-preserving noise reduction across a wide range of clinical and research applications.
